Abstract Droughts may be classified as meteorological, hydrological or agricultural. When meteorological drought appears in a region, agricultural and hydrological droughts follow. In this study, the standardized precipitation index (SPI) was applied for meteorological drought analysis at nine stations located around the Lakes District, Turkey. Analyses were performed on 3-, 6-, 9-and 12-month-long data sets. The SPI drought classifications were modelled by Adaptive Neural-Based Fuzzy Inference System (ANFIS) and Fuzzy Logic, which has the advantage that, in contrast to most of the time series modelling techniques, it does not require the model structure to be known a priori. Comparison of the observed values and the modelling results shows a better agreement with SPI-12 and ANFIS models than with fuzzy logic models.
INTRODUCTION
Drought analysis is important in water resources management and planning, and for long-term economic and social planning. In Turkey, the amount of total usable water reaches 110 × 10 9 m 3 , which is the sum of annual mean streamflow and groundwater potential. Considering that the population of Turkey is approx. 70 million, the annual available water per capita is about 1570 m 3 , which indicates that Turkey may encounter serious problems in future, especially in drought periods.
Türkeş (1999) examined regional and historical changes of precipitation and drought index series in Turkey as climatic factors for . He indicated that extreme drought is seen in the southeast and middle Anatolia regions due to climatic effects, while in the Mediterranean and Aegean regions it is due to human effects. Pongracz et al. (1999) used as input El Niño-Southern Oscillation (ENSO) for regional drought estimation and formed a fuzzy-based model with modified Palmer Index estimation. Fowler & Kilsby (2002) investigated the effect of weather conditions on historical drought records since 1881 in Yorkshire, UK by using Lamb weather types (Lamb, 1972) . Three main drought types were determined (east drought, Pennine or west drought and other regions drought). Hisdal & Tallaksen (2003) studied meteorological and hydrological drought characteristics for Denmark by using monthly precipitation and runoff values and found that a decrease in runoff occurred less frequently in longer periods compared to reduction in precipitation. Bonaccorso et al. (2003) performed drought analysis using the Standardized Precipitation Index (SPI). Sırdas & Şen (2003) defined a connection between drought duration and amplitude by drawing an optimum line, and formed drought maps. Tsakiris & Vangelis (2004) formed a drought monitoring system using SPI with a geographical information system. Dinpashoh et al. (2004) separated Iran into seven regions; six regions had homogeneous characteristics and one had a different pattern. Drought analysis was performed using 57 different climatic and geographical variables. Paulo et al. (2005) determined the occurrence probability of drought categories by using the Markov chain approach. The SPI was applied for a 68-year precipitation data set. It was stated that drought monitoring with stochastic models and an early warning system were feasible. Moreira et al. (2006) performed a drought study using a 68-year normalized precipitation data set in the Alentejo region, south Portugal. The performances of loglinear models were found good for comparison of drought categories among different periods. Mishra & Desai (2006) compared linear stochastic models, a recursive multi-step neural network and a direct multi-step neural network for drought forecasting in the Kansabati River basin, West Bengal, India. They opined that the recursive multi-step approach is best suited for one-month ahead prediction. Mishra et al. (2007) then developed a hybrid model, combining a linear stochastic model and a nonlinear artificial neural network model for drought forecasting in the Kansabati River basin and found that the hybrid model could forecast droughts with greater accuracy.
In the literature, when meteorological drought occurs in a region, agricultural and hydrological droughts follow. Meteorological drought analysis is one of the hydrological studies that should be performed with respect to continuous monitoring of water resources potential, for short-, mid-and long-range management planning, to prevent or diminish the negative effects of drought.
First introduced by Zadeh (1965) , fuzzy logic and fuzzy set theory are used in modelling the ambiguity and uncertainty in decision making. He introduced processing of the linguistic uncertainties by fuzzy logic and opened a wide spectrum of applications in many fields. The basic idea in fuzzy logic is rather simple according not only to which statements are just "true" or "false", but also to those that are partially true and practically acceptable (Dubrovin et al., 2002) . Fuzzy logic application areas include: estimation, prediction, control, approximate reasoning, intelligent system design, machine learning, image processing, machine vision, pattern recognition, medical computing, robotics, optimization, civil engineering, chemical engineering and industrial engineering, but fuzzy applications in hydrology and meteorology are less common. Kindler (1992) used fuzzy logic for optimal water allocation, whereas Bárdossy & Disse (1993) applied fuzzy logic to model the infiltration and water movement in the unsaturated zone. Aronica et al. (1998) used fuzzy logic in calibrating distributed roughness coefficients in a flood propagation model with limited data. Şen (1998) applied a fuzzy algorithm for estimation of solar radiation from sunshine duration and this model can be applicable for the western part of Turkey at different latitudes. Pongracz et al. (1999) found fuzzy rule-based methodology on regional drought to be an excellent tool for drought modelling. Tayfur et al. (2003) developed a fuzzy logic algorithm to predict the mean sediment load from bare soil surfaces subjected to rainfall/runoffdriven sediment transport. Jang (1992) proposed the Adaptive Neural-Based Fuzzy Inference System (ANFIS) model and applied it successfully on many different problems. The ANFIS identifies a set of parameters through a hybrid learning rule, combining the back-propagation gradient descent and a least squares method. It can be used as a basis for constructing a set of fuzzy IF-THEN rules with appropriate membership functions to generate the preliminary stipulated input-output pairs. Chang & Chang (2001) focused on intelligent control for modelling of real-time reservoir operation and an ANFIS model was found to be more efficient for operation of the reservoir than the operating rule curve-based approach.
In this study, meteorological drought analysis is performed for the nine stations in the Lakes District, Turkey. For drought analysis, we determined whether precipitation values fit a gamma distribution, and the SPI method is used. Drought is investigated for 3-, 6-, 9-and 12-month periods and the drought processes of the region are researched. The drought classifications obtained are then modelled by the ANFIS and fuzzy logic approaches.
STANDARDIZED PRECIPITATION INDEX (SPI)
The Standardized Precipitation Index (SPI) was developed by McKee et al. (1993) . It transforms precipitation value into a single numerical value and is used to define different categories of drought. Computation of the index is complex, since precipitation may not follow a normal distribution pattern in 12-month or shorter periods. Each of the data sets is fitted to the gamma distribution function to define the relationship of probability to precipitation. Once the relationship of probability to precipitation is established from the historic records, the probability of any observed precipitation data point is calculated and used along with an estimate of the inverse normal to calculate the precipitation deviation for a normally distributed probability density with a mean of zero and standard deviation of unity (McKee et al., 1993) . The SPI values show a linearly increasing or decreasing tendency with precipitation deficiency. The drought intervals for selected periods are presented in Table 1 . In drought evaluation based on SPI values, a period is defined as "drought" if the index is negative. If the first month index is negative, it is accepted as starting of drought; if it is positive, then it is accepted as ending of drought (Kömüşçü et al., 2002) . Drought intensity based on SPI is classified according to categories given in Table 1 . A monthly precipitation data set is prepared for a period of m months, ideally for a continuous period of at least 30 years. A set of averaging periods is selected to determine a set of time sequence of i months, where i is 3-, 6-, 12-, 24-or 48 months. Time intervals may be different according to the water resources conditions in a given region (McKee et al., 1993) . For example, while decreasing precipitation in a particular month may affect soil humidity, stream water is affected later (Kömüşçü et al., 2002) .
ADAPTIVE NEURAL-BASED FUZZY INFERENCE SYSTEM (ANFIS)
The ANFIS is a modelling system that has the advantages of both artificial neural networks (ANN) and fuzzy logic (FL) expert systems. ANFIS gives superior calculation ability of ANN to the lowlevel learning feature of fuzzy logic, while it provides the IF-THEN rule base to the ANN. Thus, FL learns to self-adapt and the ANN becomes more realistic.
In the literature, there are various studies about fuzzy inference system (FIS) types. In general, Mamdani and Sugeno types are used. Basically, ANFIS is a graphical network representation of Sugeno-type fuzzy systems, given by neural learning capabilities to partition the input space and identify the problem structure. The network is comprised of neurons and with specific functions (Tsoukalas & Uhrig 1997) .
To illustrate the typical structure of an ANFIS, the neural fuzzy control system is based on Tagaki-Sugeno-Kang (TSK) fuzzy rules, whose consequent parts are linear combinations of their preconditions. The TSK fuzzy rules are shown as follows: (1) where x i (i = 1, 2, …, n) are input variables, y is the output variable, A ij are linguistic terms of the precondition part with membership functions,
To simplify the discussion it is necessary to focus on a specific neuro-fuzzy controller (NFC) as an adaptive neural-based fuzzy inference system (ANFIS).
It is assumed that the fuzzy control system under consideration has two inputs, x 1 and x 2 , and one output, y, and that the rule base contains two TSK fuzzy rules as follows:
In the fuzzy logic approaches, for given input values x 1 and x 2 , the inferred output y * is calculated as:
where μ j are called the firing strengths of R j (j = 1, 2) and are given by (Lin & Lee, 1995) :
FUZZY LOGIC
Fuzzy set theory (Zadeh, 1965 ) is a mathematical tool that enables one to describe and control vague or ambiguous notions such as "a set of all real numbers which are much greater than 1", "a set of beautiful women", or "a set of tall men" (Sakawa, 1993) . In general, incomplete and indefinite sources of information are referred to as the fuzzy sources (Şen, 2001) . Fuzzy set theory has been rapidly developed and used by Zadeh and other researchers, and a number of successful applications of this theory have been shown in different fields. The basic idea of fuzzy set theory is quite intuitive and natural (Sakawa, 1993) . In fuzzy systems there are four connected units (Fig. 1) . In fuzzy logic, there are interrelationships between the numbers and linguistic approximations. First, the "crisp" values of system variables (inputs and outputs) are fuzzified to express them in linguistic terms. Fuzzification is a determination method for the degree of membership that a value has to a particular fuzzy set. Values of variables are expressed in linguistic terms: the relationships are defined in terms of IF-THEN rules. Then outputs are obtained as a "crisp" number using defuzzification techniques (Center & Verma 1998) .
The operators "AND" and "OR" can be used to relate the input variables to each other to define the result as a combination of the input variables. The AND operator is applied as an intersection by either the "minimum" or "product" function while "OR" operator is used for union. In a rule-based model, the relationship between input variables and the results are easily understood by simply reading the rule. As the number of variables or membership functions increases, rules are influential in selecting the number of variables and membership functions to be modelled because the model becomes exponentially more complex. This is as a result of the fact that a rule must be available for each possible combination of input variable membership functions and potential outcome membership functions. Although relationships are easy to define for both the high and low extreme conditions, the intermediate rules are determined by examining historical records. It is desirable to have sufficient input-output data sets to define these rules adequately.
Then, implication is applied to evaluate the portion of the membership function that is active for a particular rule. The minimum function defines the implication which all of the values in the membership function belong to the membership function to an equal or lesser degree, while the product method of implication scales the entire membership function by the degree to which the variable belongs. Implication results in one set of values for each rule are evaluated by minimum function in this study (Mahabir et al., 2003) .
A collection of fuzzy sets can be used to produce a single fuzzy set through aggregation operations. (Pedrycz & Gomide, 1998) . Then the method of aggregation is called summation. If aggregation of the sets occurs by combining the maximum values obtained for each output membership function after implication, then the maximum method has been used. No firm guidelines have been developed for applying various methods of implication and aggregation.
Finally, defuzzification is the process of converting the solution set into a single "crisp" value by using different methods, centroid, bisector, middle of maximum (the average of the maximum value of the output set), largest of maximum, and smallest of maximum. The most popular defuzzification method is the centroid calculation (Mahabir et al., 2003) .
STUDY AREA
The Lakes District lies south of the Mediterranean in Turkey. Its surface area is 8933 km 2 and it is located between 30°20′-31°33′E and 37°18′-38 30′N. The mean altitude of the Lakes District is 1050 m a.m.s.l.
From climatologic analysis of long periods of observations, both Mediterranean and continental climate types are seen; while Mediterranean climate is observed in the south of this region (i.e. Sütçüler), continental climate occurs in the north (Ş. Karaağaç, Yalvaç). The mean annual precipitation is 551.8 mm. Most (72.69%) of the precipitation occurs in the winter and spring months, while summer and autumn months are rather dry (29.31% of total precipitation).
APPLICATION
Monthly mean precipitation values for Isparta (Centrum), Eğirdir, Senirkent, Uluborlu, Yalvaç, Aksu, Ağlasun, Sütçüler and Burdur-Bucak in the Lakes District, Turkey, were obtained from the Turkish State Metrological Service for meteorological drought analysis. The record intervals of precipitation values are listed in Table 2 . 1964 (except 1968 ) Yalvaç 1964 Aksu 1983 (except 1987 ) Ağlasun 1975 (except August 1988 -December 1989 ) Sütçüler 1975 Burdur-Bucak 1975 -1998 We investigated which probability distribution fits the precipitation data of each station to identify observed precipitation probabilities. The appropriateness of normal and exponential probability distributions was examined by the Kolmogorov-Smirnov (K-S) test. In the K-S test the empirical cumulative frequency distribution, F*(x), of the data is compared with the selected probability distribution function F(x). The test statistic is:
where F*(x i ) = i/n (i = 1, 2, …, n) is the empirical probability distribution of the observed data value x i and F(x i ) is the selected probability distribution function. The statistic Δ is the largest difference between the two cumulative probabilities. The distribution of Δ depends on the sample (6) is larger than a critical value Δ α , corresponding to a significance level α, the hypothesis that the selected distribution fits the data is rejected. The Δ values computed using different distributions are given in Table 3 . It is seen from Table 3 that these distributions are not appropriate for precipitation of stations in the region. However, as seen in Fig. 2 , the gamma distribution, also tested for stations in the region, fits the precipitation samples.
The SPI values of the stations were computed for 3-, 6-, 9-and 12-month periods and then categorized as in Table 1 . Representative SPI time series for Isparta, Aksu and Sütçüler stations are given in Fig. 3 for the 12-month data set.
The SPI values were estimated by ANFIS for 3-, 6-, 9-and 12-month periods by considering P t-1 and P t as inputs in the model, where P t-1 is the precipitation for the previous period and P t is the precipitation for the estimation period. For proper modelling, the data are divided into two sets, for training (80% of total data) and for testing (remaining 20% of the data). Jan-66 Jan-68 Jan-70 Jan-72 Jan-74 Jan-76 Jan-78 Jan-80 Jan-82 Jan-84 Jan-86 Jan-88 Jan-90 Jan-92 Jan-94 Jan-96 Jan-98 Jan-00 Jan-02 Jan-04 Jan-06 The adequacy of the ANFIS is evaluated by considering the coefficient of determination (R 2 ) based on the drought estimation errors:
Isparta
where n is the number of observed data, D i(observed) and D i(model) are observed SPI values and ANFIS results, respectively, with respect to the monthly mean observed drought values D mean . The resulting R 2 values are given in Table 4 . In the fuzzy-logic models, P t-1 and P t as inputs and SPI values as output were divided into six triangular subsets. In this study, "average" is a point in which membership degree is 1 of the data set. For all inputs and output, fuzzy sets were given in increasing magnitude with labels such as P t 1, P t 2, …, P t 6. Based on this concept of data classification, membership functions were determined for precipitation and SPI as given in Fig. 4 Using monthly historical precipitation data and expert knowledge, rule bases were created for the fuzzy logic models. Rules are easy to define for extreme conditions, regardless of actual occurrences, because of the physical nature of the relationships. Estimation of SPIs with fuzzy subsets is combined according to the following fuzzy rule basis:
in which p (p = 1, 2, …, 6) is a membership function number, as mentioned above, for the input and output variables. The variables are combined into rules using the concept of "AND". The fuzzy operator "minimum" is applied as the "AND" function to combine the variables. No weightings are applied, which means no rule is emphasized as more important with respect to estimating the SPI. Implication is performed with the minimum function, and aggregation with the maximization operation. The centroid defuzzification procedure is applied for the output membership functions 1990 1990 1990 1990 1990 1990 1991 1991 1991 1991 1991 1991 1992 1992 1992 1992 1992 1992 Time ( in order to obtain "crisp" results. Based on this structure, a baseline model fuzzy logic expert system for SPI forecasting is constructed for the Lakes District. In Table 4 , the highest R 2 values obtained are for the 12-month period. The R 2 values (equation (7)) for the testing stage are therefore calculated for the 12-month period. Also, fuzzy logic models are formed for a 12-month period. Comparison of the ANFIS and fuzzy logic models shows a better agreement between the ANFIS model estimations and SPI values than for the fuzzy logic models. In order to test the performance of the ANFIS model, the results are plotted against the results of the SPI method for the testing stage; results of representative stations Isparta, Aksu and Sütçüler are shown in Fig. 5 .
The diagonal straight lines in these graphs (Fig, 5) show the perfect agreement between the observed and modelled values. The results from the ANFIS model are given as a set of scatter points, which are randomly scattered around the perfect line. This indicates the success in the overall model without any bias. However, in order to appreciate the SPI-12 observations and ANFIS model SPI-12 outputs, the two time series are presented in Fig. 6 , which indicates obviously that they follow each other closely within less than 10% overall average relative error.
CONCLUSIONS
In this study, drought prediction is performed for the Lakes District, Turkey using the Adaptive Neural-based Fuzzy Inference System (ANFIS) and fuzzy logic. First, time series of the Standardized Precipitation Index (SPI) are constructed for different periods based on monthly mean precipitation values, to determine drought categories. Then, different ANFIS and fuzzy models are developed to predict SPI categories for 3-, 6-, 9-and 12-month periods. As the most suitable R 2 values are obtained for 12-month periods, the test results of the ANFIS models and fuzzy logic models with SPI values for only 12-month periods are formed. It is seen that there is a better agreement between results of the ANFIS model and SPI values than for fuzzy model results. The best modelling technique was selected by comparing observed and predicted values: ANFIS was found to be the best. Finally, the developed ANFIS models were found to be suitable to make effective extreme point predictions. Drought prediction is a real problem for local administrations and water resources planners. Hence, this paper presents an applicable approximation to this planning stage by means of the ANFIS approach.
